The recently introduced non-local means (NLM) image denoising technique broke the traditional paradigm according to which image pixels are processed by their surroundings. Non-local means technique was demonstrated to outperform state-of-the art denoising techniques when applied to images in the visible.
Introduction
Numerous IR imaging applications have been developed and deployed in fields that include the military, medicine and industry. However, relative low signal-to-noise ratio of IR imaging systems often limits the image quality and hinders their deployment. To enhance IR image quality, image denoising is often necessary.
Traditional paradigm image denoising is based on a local process involving the surrounding of the pixel to be denoised. In contrast, NLM denoising method 1 is based on the concept that any noisy pixel, located in the center of an image patch, may be denoised by building relevant statistics from patches with similar structure located anywhere in the image. It has been demonstrated 1 that the accuracy of this strategy is on the same level as state-of-the-art methods in general, and exceeds them in particular types of images, such as when applied to images having significant texture patterns. 
Image denoising with NLM filter
In this section we present briefly the NLM denoising technique, as first introduced by Buades 
where h represents the filtering level. For a given image, y, the estimated value using NLM for pixel i, is calculated by using:
where ( is a weighting function, and ( is the intensity of the pixel j. The weighting function, 0≤w(i,j)≤1, compares the similarity between the patch surrounding the pixel i to be denoised to the patch surrounding an arbitrary pixel j. The weighting function is given by
where
and ( and ( denote similarity windows or patches. The similarity between two pixels i and j depends on the similarity intensity grey level vectors, where ( denotes a square neighborhood of fixed size and centered at a pixel k and is called the search area, R.
Multi Resolution Non Local Means

Multi resolution search process
The number of weighting functions calculated determines the NLM computational complexity. Calculation of w(i,j) for n 2 pixels, leads to n 2 (n 2 -1) Euclidian distance calculations. Under the assumption that each calculation takes O(n 2 ) flops, the level of complexity, for example, for 512 pixels image, with R=21X21 search window and 7X7 similarity window, will be of O (10 7 Xn 2 ) flops. One of the popular ways to reduce the complexity is using a limited search area, R 1 . Although limited search area is contrary to the basic concept of the NLM technique, there are several evidences that this can be useful and reduce the complexity by R.
To reduce the computational complexity of NLM while preserving the technique filtering result, we developed a new technique called Multi Resolution Search Non Local Means (MRS-NLM). The technique uses a multi resolution pyramid 10 as part of the pre-processing for NLM. Multi Resolution technique creates reduced-size images, using a convolution of Gaussian kernel. The ensemble of reduced images generates a Gaussian pyramid (Fig. 1) . The pyramid levels, l, for the original image, y 0 with C 0 , R 0 elements are calculated by:
We use the multi resolution images to perform coarse pre-selection of similar patches, S. For each similarity patch, we find the compatible similarity window (patch) in the reduced image. As part of the pre processing step, we calculate the mean in the reduced image: 
Similar patches to ( in the highest pyramid level are defined as those having a patch mean not closer than a given threshold, , to that of the reference patch:
Patches passing this threshold are considered similar patches candidates in the next pyramid level, .
The above described procedure is repeated until reaching level l=0 of the pyramid. Ultimately, NLM estimate (2) is calculated based on the patches that passed from to :
The MRS-NLM operation is illustrated in Figure 1 . To reduced NLM complexity, MRS-NLM is trying to find similar patches in the upper pyramid level, before calculating the weights, Wi according to (3). filtering the noise. It can also be seen that the noise in the sky is filtered out while the edges at the top of the houses are preserved using NLM better than with wavelet filtering. 
MRS-NLM results
MRS
Effectiveness of MRS-NLM for IR images
As explained in Sec. 2, MRS-NLM is particularly effective when a restricted area search yields sub-optimal performance and on the other hand full search is too computationally expensive. Therefore, we investigated the search window size required for representative IR images. Figure 5 shows representative results of the restoration PSNR versus the search window R size. It can be seen that increasing the search window above 100x100 does not provide additional image improvement. This result is not surprising; similar impact of the search area was found also in Ref. 14 for a large class of figures. Figure 5 indicates that for typical IR image a full search is not necessary with NLM. Consequently, the MRS-NLM developed here has no particular advantage for the IR images examined; NLM with a limited search in a window up to 100x100 pixels is sufficient. 
Conclusions
In this paper we investigated the application of NLM on IR images. We found that NLM gave best filtering results, in terms of PSNR, comparing to other techniques, such as Gaussian filter, bi lateral and wavelet transform.
Visually, NLM filter preserved edges and filtered better background noise than the other techniques. We also presented an improved technique called MRS-NLM to reduce NLM computational complexity. MRS-NLM searches similarity patches in the entire image but with computational complexity much smaller than full-search NLM. However, since we found that for the examined IR images a full image search is not beneficial, MRS-NLM does not have particular advantage over common restricted search NLM when applied to IR images of the type we tested. 
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